The aim of the paper is to compare Moderate Resolution Imaging Spectroradiometer (MODIS) Normalized Difference Vegetation Index (NDVI) products with different compositing periods (8-day, 16-day and 8-day-dual) at 250 m spatial resolution for early corn yield estimation. In order to achieve this objective, several regression models were used where the average yield was the dependent variable and the different values of NDVI were independent variables. The various inputs in the regression models included: (i) maximum NDVI value (peak value) during the season or heading date value, (ii) NDVI values from the first date after heading date, (iii), NDVI values from the second date after heading date, (iv) Seasonally integrated NDVI values. Results showed that the 16-day composite was better yield predictor than the 8-day composite when using maximum NDVI value during the season, which is the value from the most significant earliest period for yield estimation, which is called the heading date. The 8-day composites were more useful than 16-day composites later in the season for yield estimation when NDVI values from first date after heading date and values from second date after heading were used. However, the 8-daydual was not useful for yield prediction. In order to validate the results, the authors used the leave-one-year-out approach, which trains the remaining years for the left out year and is used for yield prediction for missing year. It was found that the inverse regression model produced the best yield estimates. After excluding the anomalous 2012 year, the R 2 values for the regression model were > 0.5 for all re- maining years and products, with statistical significant at 0.05. The smallest difference between predicted and actual corn yield when using 8-day composite was 0.05% while the largest difference was 34.47%, whilst in the case of 16-day composite the smallest difference between predicted and actual yield was 1.67% and the largest difference was 44.12%.
Introduction
Corn (maize) crop production plays an important role in the economy of Serbia. Serbia was the fourth largest corn exporter in Europe in 2011 with US$0.5 billion [1] , which is notable because of Serbia stumbling industry and because of the fact that irrigation is available only in total area of 84858 hectares (ha) [2, 3] which is significantly lower compared to other corn export leading countries [2] . The Serbian economy is greatly affected by crop production, yet also by climatic conditions. Corn is one of the main crops in whole South East Europe. Production quantity of corn was highest in 2010 and 2011 compared to other significant crops, while the production quantity in CIS Europe (Belarus, Ukraine, Russia and Republic of Moldova) placed corn in fourth place [1] . According to the Agricultural Census in 2012 [3] , total agricultural land in Serbia was 3,437,423 ha, from which 73.1% was arable land. The main crops grown on arable land are corn, 39% of total arable land and wheat, 24% of total arable land.
The importance of arable land in Vojvodina, the northern province of Serbia, should be stated. From total arable land of 2,513,154 ha in Serbia, Vojvodina comprises 1,466,176 ha of arable land which is considered the more fertile land than any other arable land in Serbia. The total harvested area of corn in Serbia was 976,612 ha (610.304 ha in Vojvodina) in 2012 [3] .
Crop yields in Serbia are not estimated officially. There are some unofficial predictions of crop yields prior to harvest by visually inspection of the status of crops on field and comparison to previous similar years. This can be very time consuming for large sown areas. Remote Sensing in agriculture can help in early prediction of crops and in near real-time monitoring because of wide coverage in area. Using this information, the policy makers can decide whether there are enough crops for export or whether there is a need for import, much earlier in the season. Timely and accurate predictions of corn yields or corn anomalies would certainly have a great benefit for a country like Serbia.
Remotely sensed data have been widely used for crop identification, monitoring and yield estimation. The most important remote sensing tools for monitoring crops are time series Vegetation Indices (VI) with different spatial resolutions. More recent studies [4] [5] [6] [7] preferably chose Vegetation Indices from Moderate Resolution Imaging Spectroradiometer (MODIS) rather than from Advanced Very High Resolution radiometer (AVHRR), due to better spatial resolution and higher radiometric resolution (12-bit) , improved geometric registration, atmospheric correction, and cloud screening [8] [9] [10] .
The most common index used for crop yields estimates is the Normalized Difference Vegetation Index (NDVI) from both MODIS and AVHRR sensors [4-7, 11-13, 15] . Few studies compared results when using NDVI time series for crop yields estimate with results obtained when using other VI such are Enhanced Vegetation Index (EVI), EVI2 and Normalized Difference Water Index (NDWI) [4, 5] . Bolton and Friedl [4] used MODIS collection 5 nadir bidirectional reflectance distribution function adjusted surface reflectance data, with 500 m spatial resolution and eight day intervals, to compute NDVI, EVI2 and NDWI for estimating corn and soybean yield. Their results found that the best times to predict crop yields are 65-75 days after greenup for corn and 80 days after greenup for soybeans. Linear regression models were used for crop predictions. EVI2 proved to be better than NDVI for corn yield predictions, while they show similar results for soybean yield predictions. Son et al. [5] used MODIS Surface Reflectance 8-day composites with 500 m spatial resolution (MOD09A1 product) for rice yield estimation. Unlike previous studies, they tested quadratic regression model for crop yield estimate. They concluded that EVI is more sensitive to rice crop production than NDVI and that EVI better estimates yields of rice crop using the heading date of rice plant growth. Mkhabela et al. [6] also used MODIS data, 10-day composite NDVI for the Canadian Prairies. This study compared results from several models: linear, exponential, power and logarithmic in order to select the best model and found that the exponential model gives the highest determination coefficients. The study conclusion is that MODIS-NDVI can be used one to two months before harvest for good yield predictions. The authors emphasize is that regression models where the VI are used as inputs will differ depending on many factors including crop, soil type and environment. However, when other factors are used in regression, not only VI, the model will change and probably will not follow linear relationship with average yield as reported in [11] . Huang et al. [7] used 1 km NDVI data for yield estimation in the region where the crops were grown together. The study used several regression models and found that the S and growth regression models give the best prediction results. Ren et al. [12] evaluated the usefulness of 10-day MODIS NDVI for winter wheat yield estimation in China. Results show that NDVI follows significant linear relationship with production with R 2 values greater than 0.6 in all models.
Factors that affect crop status and crop yield are varied and thus some studies combined NDVI with other factors. Prasad et al. [11] used monthly composite continental NDVI datasets from AVHRR together with surface parameters to develop a regression model which can be used for corn and soybean estimation in Iowa. They used nonlinear regression with breakpoint for prediction. The R 2 value between predicted and observed corn yield is 0.78. The study also indicated that a smaller dataset (7-10 years) provides better results than larger dataset (19 years' data) due to fewer variations in the input parameters. Doraiswamy et al. [13] also used MODIS NDVI time series together with MODIS Land Surface Temperature in order to predict corn and soybean yields at 250 m spatial resolution.
Methods

Study area
The study region is located in Srem, south west province of Vojvodina ( figure 1 ). The methodology was tested on corn parcels which are in possession of private agricultural organization "Nova Budućnost" (NB), located in the central part of Srem. This organization provided the authors with ground truth data for monitored years. Due to MODIS spatial resolution, only larger parcels (>10 ha)cound be monitored. This type of agricultural land is not common in Vojvodina, as most land parcels are usually smaller than 2 ha and could not be detected using MODIS. However, private agricultural organizations in Vojvodina usually have larger land parcels (> 50 ha) so the pixels will not be mixed with other crops or other land cover and are therefore suitable for this kind of analyses. Other MODIS products, with spatial resolutions of 500 and 1000 m would not be appropriate for monitoring crops in a small country such is Serbia. The total area of agricultural cropland which is in possession of NB is 1400 ha. The total area of monitored parcels where the corn was sown was: 785 ha, 824 ha, 329 ha, 400 ha, 188 ha, 894 ha, 168 ha and 270 ha for the monitored years 2007, 2008, 2009, 2010, 2011, 2012, 2013 and 2014 respectively. The size of each parcel where the corn was sown was greater than 40 ha for each year.
Corn is sown at the beginning of April and the harvest begins approximately in October, depending on the weather conditions. The time period from sowing to heading date is approximately 75 days, with the heading date is in the middle of June or at the end of June. The duration from heading to harvesting dates is approximately 120 days. The data was processed online prior to download. The projection was set to Universal Transverse Mercator, zone 34 and image format was GeoTIFF. The MOD13Q1 product provides both EVI and NDVI 16-day composite images at 250-m spatial resolution, which is the highest possible MODIS spatial resolution. The pixels for VI generation are the pixels with the best quality from 16-day composite period. The MOD09Q1 product provides infrared band (band 2) and red band (band 1) 8-day composite images at 250 m spatial resolution. Bands 1 and 2 were used to generate 8-day NDVI composites. A modified 8-day composite called 8-day-dual composite was also used. This product was created from 8-day composite in order to match the 16-day composite and was previously used by Lee [14] . The 8-day-dual composite is generated by applying maximum value composite (MVC) algorithm to two consecutive images of 8-day composite in order to match the date from 16-day composite. For example, two 8-day composite images with dates: 2007.01.01 and 2007.01.09 were composited with MVC and matched with the first 16-day composite which is 2007.01.01 [14] . The equation for NDVI is as follows:
Satellite data
Landsat satellite images from Landsat 8, Landsat 7 and Landsat 5 were used monitor and interpret locations of sown crops for all of the mentioned years. Landsat data was used only as auxiliary data to MODIS, as it is impossible to visually discriminate crops from MODIS images or from MODIS Vis, due to the coarse spatial resolution. It was vital for us that pixels used in study were not mixed, which means homogenous corn pixels for all the monitored years. In order to avoid mixed pixels, a grid with cell size 250 × 250 m (which corresponds to MODIS spatial resolution) was used and overlayed with Landsat and RapidEye multispectral images for all the monitored years and for all the crop parcels. If the grid pixel was entirely within the specific crop parcel, this pixel was sampled and was taken into further consideration. If the grid pixel was not entirely within the crop parcel, the pixel was ruled out of the statistical analysis. This kind of approach should provide the most reliable results for the study. Except for Landsat images, RapidEye multispectral images with 5 m spatial resolution (5 bands) were also used as an auxiliary data only for 2013 and 2014 years.
Ground truth data
All of the previously mentioned work used crop statistical data such are average crop yields for previous years and also ground truth data, which can be used to identify locations of planted crops. The ground truth data consisted of sowing structures for the years 2011, 2012, 2013 and 2014. Crop statistic data (average yield, sown corn area) was available for all years for the study area for the years 2007-2014. Sowing structures for missing years were reimbursed with MODIS classification and with auxiliary data, which consisted of high resolution images from Landsat mission and RapidEye. Sowing structures were critical in the study as they represented location maps of sown crops for mentioned years and were used for crop masking. The locations of crops change every year and thus it was im- portant to locate planted corn in an image for each year. This data was enhanced with high resolution images. All of the data information used in the study can be seen in table 1.
Time series filtering
Before applying any kind of classification or analyses to NDVI time series data, the products were subjected to filtering. When using data for a longer data set (2007-2014), it is highly likely that the composites (16-day and 8-day) will be affected mainly by cloud contaminations, which can seriously influence final results. Figure 2 . indicates that one corn pixel from 8-day composites suffers from many variations around heading date and during the growth up period. Even though the 16-day composites already underwent the MVC method in order to minimize these effects, a lot of errors still exist. The 8-day composites were not subjected to any kind of filtering techniques. Many filtering techniques have been developed to smooth the NDVI time-series. In this study, the Whittaker smoother [16] technique was used for smoothing NDVI composites. Recently, this smoothing technique received broader attention in remote sensing analyses of timeseries images [17] [18] [19] . It is based on penalized least squares and the smoother the results, the more it will deviate from actual input values [18] . Two parameters are controlled by the user, the number of iterations and the parameter k, which is the smoothing parameter [20] . This smoothing technique was used since the Whittaker smoother performed very well [18, 21] and even outperformed other techniques [18] . The software used for smoothing the NDVI time-series was SPIRITS [20, 22] . Smoothing was applied to the 16-day, 8-day and 8-day-dual composites. 
Crop type separability
Lee [14] discussed crop type separability when comparing MODIS 16 day, 8 day and dual-8-day NDVI products and concluded there are significant differences in NDVI profiles for these products at 250 m spatial resolution. Similarly, this study showed that indeed there are significant differences between NDVI profiles when comparing mentioned composites. As it can be seen from Figure 2 , the 16-day composites have a steady NDVI profile both for corn and soybean, without greater perturbations. However, 8-day composites show dissimilarities during the entire season. NDVI values were lower during the growth up period and during the senescence period. The maximum NDVI value occurred after the maximum NDVI value from 16-day composite and is evidently higher. Dual 8-day composites showed a similar profile during the growth up period, where the maximum value occurred before maximum values compared to 16-day and 8-day NDVI. As well, the peak greenness has the highest value. The senescence period is similar to 16-day composites, which it almost overlaps. The 8-day and 8-day-dual NDVI profiles show much greater perturbations than the 16 day composites for all crops, which can be the result of true NDVI values or affected by cloud contaminations or other atmospheric effect.
Higher NDVI values for 8-day-dual composites may be the consequence of MVC algorithm applied to the raw dataset, i.e. bands 1 and 2. The authors sought to examine whether these dissimilarities can affect the final corn yield and in what measure. The profiles are very similar for corn and soybean, with the only difference being that NDVI values for soybean are the highest for all products and for all crops that were analyzed in this study. This was also noticed by Lee [14] and was later used in classification purposes. Figure 4 shows that all crops extracted from 8-day-dual composite have higher NDVI values than the ones from 16-day composite. Also, clear separability can be noticed between sugar beet and corn, soybean is very notable after middle of August.
Prior to examining the VI time series for corn, MODIS NDVI phenology based classification was developed [23] and was used in this study. Phenology based classification was used for the years where the crop map data was not available (2007, 2008, 2009 and 2010) . First, possible parcels of corn were identified by visually analyzing multispectral, multitemporal Landsat images from the same period as corresponding MODIS NDVI products. Parcels which are visually identified as corn are called potential corn locations and are used for masking. Then, based on the years for which crop maps are available, we defined threshold values for specific day of the year (DOY) when the discrimination between corn, soybean, sugar beet and sunflower is possible, since these crops are often mixed, especially corn and soybean. If the potential corn locations overlap with MODIS identified corn parcels and if the size of an identified parcel corresponds to that reported in ground truth data (crop statistic), then the pixels of that parcel belong to corn. In all other cases, the pixels are rejected as corn. Simple classification of Landsat images could not be used dueto the vegetation dynamics during the season. That is, it is very hard to discriminate corn from other "green" crops by using only one to two Landsat images. The reflectance values of corn, soy bean, sunflower and sugar beet were very similar for the study area. However, MODIS 16-day composite VI's could be used together with high and medium resolution images for this kind of classification.
Model formulation and validation
MODIS images were first subset over the study region. The images were then stacked for each year, and for each product. As previously mentioned, in order to avoid mixed, heterogeneous pixels, a grid that corresponds to MODIS spatial resolution (250 × 250 m) was overlaid with Landsat or RapidEye images and the polygons that contained entire corn MODIS pixels for each year were drawn and used for sampling.
Based on the all identified parcels of corn for all the monitored years, several regression models were tested. These included linear, exponential, inverse, growth, S and quadratic regression models. Previously mentioned studies also used several regression models and the linear model consistently gave the best prediction results.
Some studies used seasonal maximum NDVI as the main input parameter [24] whereas other studies combined different approaches and used accumulated NDVI (EVI) for a specific period. Son et al. [5] used integrated VI values after the heading date while Ren et al. [12] used several methods that included accumulation of NDVI for different periods. The authors used several methods, seasonally integrated NDVI [13, 25, 26] , the seasonal NDVI peak value [24] , and single NDVI values after the heading (peak) date. That is, NDVI values were used from dates n, n+1 and n+2, where n is the heading date. The first methodology (entire season) captured the effect of climatic conditions before and after the flowering stage of corn. The second approach involved identifying maximum NDVI value for all composites and is very useful for early prediction of yield; however, what happens after the maximum value is not included in the model. The peak values for the study area and for years 2007-2014 occurred most frequently at the beginning of July; however, in the case of 2012 year the peak value was in the middle of June. Values after the heading date were used to predict yield at later stages and were very useful at this stage for comparison of products. Nevertheless, since the heading dates were at the beginning of July, n+1 and n+2 dates can also be characterized as early predictions. In order to validate regression models, the authors used leave one year out approach [5, 6] . This methodology consists of removing one year at a time and generating new regression models. Models were then used for predicting yield for the missing year. Figure 5 displays an overall workflow of this paper.
Results
Amongst all the tested regression models, inverse and linear model proved to be most accurate for predicting yield for each year. Inverse was better than linear model, so no results are shown for linear model. The equation for inverse regression models is: Where Y denotes corn yield (dependent variable), a and b are the coefficients of the model which vary with years and i are the prediction dates, which were heading date (n), first date after heading date (n+1), second date after heading (n+2). NDVI (independent variable) is the value from corresponding date i. Other used models were ruled out as inappropriate for the study area. Also, seasonally integrated NDVI values gave poor results for all used models thus were not considered further. As mentioned earlier, the authors strongly emphasized the prediction of yield for 2012 anomalous year and to early corn predictions. Early corn yield predictions include period with maximum NDVI values for each of products, but also two dates after the peak value (n+1 and n+2).
8-day-dual composite, did not produce good results in terms of final yield prediction. Coefficients of determination between actual and predicted yield were lower than 0.3 in all used models, which meant that there were high dissimilarities between modeled yield and true yield. However, even with poor R squared and p values the model used for the prediction of yield for 2012 year in case of 16-day composite gave good prediction results, when the input was maximum NDVI value in the season (n). This prediction result is much better than for 8-day composite, 5.432 t/ha predicted yield. Prediction results tend to be better when the input value was later in the season, n+1 and n+2, for both MODIS products, as indicated in figures 6a, 6b, 6c and 8a, 8b, 8c.
The study focused primarily on early prediction date, i.e. maximum NDVI values which most often occurred at the beginning of July. In this case, the NDVI 16-day composite gave slightly better results than NDVI 8-day composite, figure 6a) and figure 8a). However, due to the fact that 2013 year resulted in low average yield and none of the models successfully predicted this early in the season, the authors analyzed the removal of this year from comparison between predicted and actual yield for both products, figure 7 a) and b). The removal influenced significantly on the increase of R squared value for the 16-day product and not so much for the 8-day product.
Unlike the 2012 anomalous year, weather conditions during 2014 year (from May) were very advantageous for corn in Serbia. Very large amounts of rain resulted in very good corn yield, 11.4 t/ha for NB. The 8-day product produced the best predictions for this year when using maximum VI value and, when predicting later in the season, the values of yield dropped but not significantly. The highest value of NDVI came early in the season and reflected the final yield very well (absolute difference of 2.39% between predicted and actual yield). The R 2 values during all monitored years and for both products were quite positive (> 0.5 in almost all the years) and increased later in the season (n+1, n+2). This can be seen on figure 9 a) and b). The anomalous year (2012) resulted in significantly lower R 2 values; however, they also increased when using dates for prediction later in the season. Considering only 2014, which is considered an extremely good, year, the R 2 values were also lower than other but fairly good. Overall, the 8-day composite gave better coefficients of determination for all the monitored years.
Discussion
This paper explored the potential of MOD13Q1 and MOD09Q1 products for early corn yield prediction in the small province of Vojvodina, Srem. The study used only pure corn pixels, with 250 m spatial resolution. This was achieved by using high resolution satellite images and ground truth data. The parcels which were monitored were very convenient for this application because of large size (> 40 ha) and thus it can be concluded that the results are reliable.
Regarding early corn yield estimation (2-3 months before harvest), Mkhabela et al. [27] used linear model and found that cumulative average NDVI during flowering and grain filling produced good results. However, this study did not find that accumulating VI values gave good predictions. Wang et al. [28] also used linear model for yield prediction. When using NDVI at the time of peak correlation, which varied with years, NDVI explained 38.5% of the yield in the linear regression [28] . This methodology of using values in time of peak correlation is not consis- tent and sometimes can be deep during the senescence period of corn. Research [13] found that the relationship between actual and predicted yield resulted in 0.78 value of R 2 when using NDVI composites from NOAA AVHRR, whilst this study found similar value earlier in the season or higher value for 16-day composite when ruling out 2013 year, but for a much smaller area and much higher spatial resolution. Son et al. [5] used several input values in the regression model, including values from heading date and accumulated values from heading date towards five extended dates. This temporal accumulation resulted in lowering the R 2 values later in the season for each date after the heading date. Unlike their approach, the authors used only single NDVI values after the heading date (without accumulation), which resulted in increasing the R 2 values later in the season, figure 9 . The conclusion is that the senescence period of corn is crucial for yield prediction (n+2). However, the authors did not inspect the R 2 values after the n+2 date. It can be concluded from all the products that the 8-day-composite with NDVI value from n+2 date gave the best results, Table 2 , figure 6c ). Considering the comparisons of MODIS or, and AVHRR products in the previously related work, few papers dealt with the possibilities of comparative analysis of MODIS or other products with different compositing period for yield estimate. Research [29] previously discussed the comparisons of EVI and NDVI (MOD13Q1) indices for crop mapping. Gallo et al. [30] compared MODIS and AVHRR NDVI 16-day composites. Lee [14] used 8-day, 16-day and 8-day-dual 250 m composites in order to evaluate crop type separability. Chen et al. [31] compared MODIS daily and 8-day composite products 356 for floodplain and wetland mapping. Yi et al. [32] evaluated two versions (4 and 5) of MODIS surface reflectance values at 500 m spatial resolution for wheat leaf area index retrieval.
There is a gap in the literature regarding the comparative analyses of MODIS products with different temporal resolution (compositing period) at any spatial resolution for yield estimation and crop monitoring. Researchers tended to use MOD09Q1 derived NDVI or EVI2 with 8-day composite period since this product can capture variations 
Conclusion
All of the previously mentioned studies focused mainly on finding the most reliable regression model for crop yield prediction and also on identifying the period which is most correlated with final yield. However, the main aim of this study was to compare products with different compositing period, i.e. MODIS 250-meter products (MOD13Q1 and MOD09Q1) for early corn yield estimates during an 8-year period from 2007 to 2014 in Srem, a small region in Vojvodina. More specifically, the authors compared 250 m NDVI 16-day composite from MOD13Q1 product, 250 m NDVI 8-day composite derived from MOD09Q1 surface reflectance values and 250 m 8-day-dual NDVI also from MOD09Q1 [14] . The earliest prediction date for this study is the beginning of July, approximately two and a half months before the beginning of the harvest. Several regression models were used in order to achieve our objective. Linear and inverse models proved to be the most efficient for this study area. Results imply that MOD09Q1 did not outperform MOD13Q1 when considering the earliest period for corn yield estimate. However, when using values after the heading date, the MOD09Q1 proved to be more efficient. 8-day-dual composite was not a good predictor of corn yield in any of models The MODIS phenology based classification needs to be considered in order to be able to monitor all necessary years. The quality of predictors is strongly associated with the prediction of yield for 2012 year, as 2012 was anomalous year, which suffered from drought from the beginning of June until the end of August. Another conclusion is that corn yield was more related with NDVI later in the season, figure 9 and the values of R 2 tended to increase for both products. Therefore, by selecting only single values of NDVI after the seasonal maximum, good predictions are achieved which on the other hand have the limitation that the yield is predicted later in the season. The main contribution of this study is that it showed progress in terms of early crop yield forecasting in Serbia, also showing that the frequently used MOD09Q1 product is not always the best solution for crop yield estimation and using only single NDVI values from heading date will improve the estimates for both products.
The methodologies mentioned should be used with caution, since any occurrences to the crop after the estimate will not be included in the final yield. The prediction models will probably change and adapt depending on the climatic conditions, environment and soil type and it should be said that the quality of MODIS VI's is crucial in these situations.
Future analysis will be focused on estimating yields for major crops in Serbia on a regional scale or for entire country. The authors will also focus on developing models that examine the plant senescence period with more inputs in regression. One parameter that can affect final yield is LST used by Doraiswamy et al. [13] but the main limitation is its spatial resolution of 1 km. Future studies could focus more on finding crucial date for forecasting various crop yields as well on the comparison of multiple MODIS NDVI/EVI products with different spatial resolutions (500 m, 1 km) for much larger areas.
Finally, this study represents the first ever attempt to estimate yields in Serbia by using remote sensing methods and probably any kind of early yield prediction. Subject to constraints in number of years monitored, crop maps and the satellite data, study produced promising results.
